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1
VERIFYING ASSOCIATION BETWEEN
PHYSICAL PRODUCTS AND IDENTIFIERS
OF PHYSICAL PRODUCTS

BACKGROUND

Order delivery systems frequently receive large volumes
of product data (e.g., inventory data) from many different
third-party sources (e.g., different retailers, different stores
or warehouses of the same retailer). The order delivery
systems may be required to update and maintain integrity
and accuracy of the product inventory data received from the
multiple sources in real-time. In the received product inven-
tory data, a given source (e.g., a given retailer having
multiple stores or warehouses) may identify a particular
product using a unique identifier (e.g., product identifier). In
some cases, for example, different stores or warehouses of
the same retailer may inadvertently associate more than one
unique identifier with the same product. Receipt of such data
from multiple sources (e.g., different stores of the retailer)
may cause the order delivery system to generate inaccurate
search results in response to search queries from users.
Further, receipt of such data may cause the order delivery
system to generate multiple product entries for the same
product in a database leading to computational inefficiencies
and wastage of network resources.

SUMMARY

This disclosure relates generally to verifying inventory
data, and more specifically, to verifying that inventory data
received from retailers correctly associates the same product
identifiers for the same physical products.

This disclosure pertains to systems and methods for
verifying that product inventory data received from multiple
sources associates the same product identifiers for the same
physical products. An online system may receive and store
the product inventory data received from the different
sources as product data entries in a product inventory
database. Techniques disclosed herein may identify an out-
lier in a group (e.g., a subset) of data entries in the database
that correspond to the same physical product. The outlier
may correspond to a data entry in the database that is
received from one of the different sources and that associates
a product identifier with a given physical product that is
different from a product identifier associated with the given
physical product in one or more other data entries in the
group. A combination of one or more metrics may be
computed for each data entry in the group in order to
determine whether the data entry is an outlier (i.e., the data
entry incorrectly associates a product identifier to a physical
product) in the group. The metrics may include a semantic
similarity metric, a lexical similarity metric, a product
attribute similarity metric, and a temporal locality metric.

The semantic similarity metric is computed by getting
embeddings from descriptive data for each data entry in the
group and pairwise comparing the embeddings with each of
the other data entries in the group. The lexical similarity
metric is computed by calculating custom edit distances
representing the number of deletion and substitution opera-
tions required to convert a character string corresponding to
a data entry in the group to each of the other data entries in
the group. The product attribute similarity metric is com-
puted by using attribute prediction models to predict attri-
butes of the product for each data entry in the group based
on, e.g., the descriptive data included in the data entry, and
pairwise comparing each predicted attribute type of the data
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entry with the corresponding predicted attribute types of
each of the other data entries in the group. And the temporal
locality metric may be computed by comparing an update
timestamp associated with the product data entry with
respective update timestamps associated with the other
product data entries in the group (e.g., an outlier in the group
may be localized with respect to time because the error was
subsequently corrected). Based on the computed metrics the
system may determine whether the data entry (for which the
metrics were computed) is an outlier in the group. And the
system may perform various actions (e.g., notifying the
source of the data entry) based on the determination. Iden-
tifying and removing the outlier from the group may also
lead to the system generating more accurate search results in
response to search queries from users, and the system
preventing generation of multiple product entries for the
same product in the database, thereby leading to increased
computational efficiency and prevention of waste of network
resources.

In one or more embodiments, a computer-implemented
method is provided which includes a plurality of steps. In
particular, the method includes a step of receiving, at a
server, a plurality of product data entries from a plurality of
retailer computing systems. Each product data entry com-
prising a product identifier uniquely identifying a corre-
sponding physical product and descriptive data of the cor-
responding physical product. The method further includes a
step of determining a subset of the plurality of product data
entries having a same product identifier. The method further
includes a step of pairwise comparing an embedding vector
representative of a product data entry in the subset with each
of respective embedding vectors representative of other
product data entries in the subset other than the product data
entry to compute respective vector similarity metrics
between the embedding vector representative of the product
data entry and each of the respective embedding vectors
representative of the other product data entries. Still further,
the method includes a step of determining a pooled semantic
similarity metric for the product data entry based on the
computed respective vector similarity metrics. Yet still fur-
ther, the method includes a step of determining whether the
product data entry is an outlier in the subset based on the
pooled semantic similarity metric. And still further, the
method includes a step of transmitting a notification to a
client device of a user in response to determining that the
product data entry is the outlier.

BRIEF DESCRIPTION OF THE DRAWINGS

FIG. 1 illustrates an example system environment for an
online concierge system, in accordance with one or more
illustrative embodiments.

FIG. 2 illustrates an example system architecture for an
online concierge system, in accordance with one or more
illustrative embodiments.

FIG. 3 is a block diagram of an inventory management
module of the online concierge system of FIG. 2, in accor-
dance with one or more illustrative embodiments.

FIG. 4 illustrates sample data entries having a same
product identifier, in accordance with one or more illustra-
tive embodiments.

FIG. 5 illustrates a process for determining whether a
particular product data entry is an outlier from among a
plurality of data entries belonging to the same group, in
accordance with one or more illustrative embodiments.

FIG. 6 is a flowchart of a method for determining whether
a particular product data entry is an outlier from among a
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plurality of data entries belonging to the same group, in
accordance with one or more illustrative embodiments.

FIG. 7 is a flowchart of another method for determining
whether a particular product data entry is an outlier from
among a plurality of data entries belonging to the same
group, in accordance with one or more illustrative embodi-
ments.

DETAILED DESCRIPTION

FIG. 1 illustrates an example system environment for an
online concierge system 140, in accordance with one or
more illustrative embodiments. The system environment
illustrated in FIG. 1 includes a customer client device 100,
a picker client device 110, a plurality of retailer computing
systems 120 (e.g., 120aq, . . ., 120n), a network 130, and an
online concierge system 140. Alternative embodiments may
include more, fewer, or different components from those
illustrated in FIG. 1, and the functionality of each compo-
nent may be divided between the components differently
from the description below. Additionally, each component
may perform their respective functionalities in response to a
request from a human, or automatically without human
intervention.

As used herein, customers, pickers, and retailers are all
“users” of the online concierge system 140. Additionally,
while one customer client device 100 and picker client
device 110 are illustrated in FIG. 1, any number of custom-
ers and pickers may interact with the online concierge
system 140. As such, there may be more than one customer
client device 100, or picker client device 110.

The customer client device 100 is a client device through
which a customer may interact with the picker client device
110, one or more of the retailer computing systems 120, or
the online concierge system 140. The customer client device
100 can be a personal or mobile computing device, such as
a smartphone, a tablet, a laptop computer, or desktop com-
puter. In some embodiments, the customer client device 100
executes a client application that uses an application pro-
gramming interface (API) to communicate with the online
concierge system 140.

A customer uses the customer client device 100 to place
an order with the online concierge system 140. An order
specifies a list of products to be delivered to the customer.
A “product,” as used herein, means a good or item that can
be provided to the customer through the online concierge
system 140 (e.g., physical product). The order may include
product identifiers (e.g., SKU, retailer reference code
(RRC)) for products to be delivered to the user and may
include quantities of the products to be delivered. Addition-
ally, an order may further include a delivery location to
which the ordered products are to be delivered and a
timeframe during which the products should be delivered. In
some embodiments, the order also specifies one or more
retailers from which the ordered products should be col-
lected.

The customer client device 100 may provide an ordering
user interface to the customer that the customer can use to
place an order with the online concierge system 140. The
ordering user interface may be part of a client application
operating on the customer client device 100. The ordering
user interface may allow the customer to search for products
that are available through the online concierge system 140
and the user can select which products to add to an order.
The customer client device 100 may receive additional
content from the online concierge system 140 to present to
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4

a customer. For example, the customer client device 100
may present coupons, recipes, product suggestions, or offers
to customers.

The picker client device 110 is a client device through
which a picker may interact with the customer client device
100, one or more of the retailer computing systems 120, or
the online concierge system 140. The picker device 100 can
be a personal or mobile computing device, such as a
smartphone, a tablet, a laptop computer, or desktop com-
puter. In some embodiments, the picker client device 110
executes a client application that uses an application pro-
gramming interface (API) to communicate with the online
concierge system 140.

The picker client device 110 receives orders from the
online concierge system 140 for the picker to service. A
picker services an order by collecting the products listed in
the order from a retailer. The picker client device 110
presents the products that are included in the customer’s
order to the picker. The picker collects the products from the
retailer and delivers the products to the customer at the
delivery location provided by the customer in the order. In
some embodiments, the picker client device 110 provides
multiple orders from to a picker for the picker to service at
the same time from the same retailer.

The picker client device 110 may instruct a picker on
where to deliver the products for a customer’s order. The
picker client device 110 may receive one or more delivery
locations from the online concierge system 140 and may
provide the delivery locations to the picker so that the picker
can deliver the corresponding one or more orders to those
locations. The picker client device 110 may also provide
navigation instructions for the picker from the retailer from
which the picker collected the products to the one or more
delivery locations.

In some embodiments, the picker is a single person who
collects products for an order from a retailer and delivers the
order to the delivery location for the order. Alternatively,
more than one person may serve the role as a picker for an
order. For example, multiple people may collect the products
at the retailer for a single order. Similarly, the person who
delivers an order to its delivery location may be different
from the person or people who collected the products from
the retailer. In these embodiments, each person may have a
picker client device 110 that they can use to interact with the
online concierge system 140.

Additionally, while the description herein may primarily
refer to pickers as humans, in some embodiments, some or
all of the steps taken by the picker may be automated. For
example, a semi- or fully-autonomous robot may collect
products in a retailer for an order and an autonomous vehicle
may deliver an order to a customer from a retailer.

Each of the retailer computing systems 120 is a comput-
ing system operated by a retailer or by a particular location
of a retailer chain that interacts with the online concierge
system 140. Each retailer computing system 120 may
include an inventory data transmission module 122 (e.g.,
122a, . . ., 122p) that stores and provides product data to the
online concierge system 140 (e.g., in the form of a plurality
of product data entries). Each inventory data transmission
module 122 may regularly update the online concierge
system 140 with updated product data. For example, each
inventory data transmission module 122 may provide the
online concierge system 140 with updated product prices,
sales, or availabilities. Additionally, each retailer computing
system 120 may receive payment information from the
online concierge system 140 for orders serviced by the
online concierge system 140. Alternatively, the retailer com-
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puting system 120 may provide payment to the online
concierge system 140 for some portion of the overall cost of
a user’s order (e.g., as a commission).

The online concierge system 140 is an online system by
which customers can order products to be provided to them
by a picker from a retailer (e.g., a particular location or store
of a particular retailer). The online concierge system 140
receives orders from customer client devices 100 through
the network 130. The online concierge system 140 selects a
picker to service the customer’s order and transmits the
order to a picker client device 110 associated with the picker.
The picker collects the ordered products from a retailer and
delivers the ordered products to the customer. The online
concierge system 140 may charge a customer for the order
and provides portions of the payment from the customer to
the picker and the retailer.

As an example, the online concierge system 140 may
allow a customer to order groceries from a grocery store
retailer. The customer’s order may specify which groceries
they want delivered from the grocery store and the quantities
of each of the groceries. The customer’s client device 100
transmits the customer’s order to the online concierge sys-
tem 140 and the online concierge system 140 selects a picker
to travel to the grocery store retailer to collect the groceries
ordered by the customer. Once the picker has collected the
groceries ordered by the customer, the picker delivers the
groceries to a location transmitted to the picker client device
110 by the online concierge system 140. The online con-
cierge system 140 is described in further detail below with
regards to FIG. 2.

The customer client device 100, the picker client device
110, the plurality of retailer computing systems 120, and the
online concierge system 140 can communicate with each
other via the network 130. The network 130 is a collection
of computing devices that communicate via wired or wire-
less connections. The network 130 may include one or more
local area networks (LANs) or one or more wide area
networks (WANSs). The network 130, as referred to herein, is
an inclusive term that may refer to any or all of standard
layers used to describe a physical or virtual network, such as
the physical layer, the data link layer, the network layer, the
transport layer, the session layer, the presentation layer, and
the application layer. The network 130 may include physical
media for communicating data from one computing device
to another computing device, such as MPLS lines, fiber optic
cables, cellular connections (e.g., 3G, 4G, or 5G spectra), or
satellites. The network 130 also may use networking pro-
tocols, such as TCP/IP, HTTP, SSH, SMS, or FTP, to
transmit data between computing devices. In some embodi-
ments, the network 130 may include Bluetooth or near-field
communication (NFC) technologies or protocols for local
communications between computing devices. The network
130 may transmit encrypted or unencrypted data.

FIG. 2 illustrates an example system architecture for an
online concierge system 140, in accordance with one or
more illustrative embodiments. The system architecture
illustrated in FIG. 2 includes a customer management mod-
ule 200, an inventory management module 210, an order
management module 220, a picker management module
230, and a data store 240. Alternative embodiments may
include more, fewer, or different components from those
illustrated in FIG. 2, and the functionality of each compo-
nent may be divided between the components differently
from the description below. Additionally, each component
may perform their respective functionalities in response to a
request from a human, or automatically without human
intervention.
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The customer management module 200 stores and man-
ages customer data, which is information or data that
describe characteristics of a customer. For example, cus-
tomer data may include a customer’s name, address, shop-
ping preferences, favorite products, or stored payment
instruments. The customer data also may include default
settings established by the customer, such as a default
retailer, payment instrument, delivery location, or delivery
timeframe.

The online concierge system 140 includes an inventory
management module 210 that manages the inventory of
products available at retailers that provide products through
the online concierge system 140. The inventory management
module 210 requests, receives, and stores product data from
retailer computing systems 120 operated by retailers. Prod-
uct data (e.g., inventory data) is information or data that
identifies and describes products (e.g., physical products)
that are available at a retailer. The product data may include
product identifiers (e.g., RRC, SKU) uniquely identifying
the corresponding physical products that are available and
may include quantities of products associated with each
product identifier. Additionally, product data may also
include descriptive data of the corresponding physical prod-
uct. For example, the descriptive data may include a product
title, attributes of the corresponding physical product such as
the size, color, weight, stock keeping unit (SKU), or serial
number for the product. The product data may further
include purchasing rules associated with each product, if
they exist. For example, age-restricted products such as
alcohol and tobacco are flagged accordingly in the product
data. Product data may also include information that is
useful for predicting the availability of products in retailers.
For example, for each product-retailer combination (a par-
ticular product at a particular warehouse), the product data
may include a time that the product was last found, a time
that the product was last not found (a picker looked for the
product but could not find it), the rate at which the product
is found, or the popularity of the product. The inventory
management module 210 is described in further detail below
in connection with FIG. 3.

The online concierge system 140 also includes an order
management module 220 that manages orders for products
from customers. For example, the order management mod-
ule 220 transmits instructions to each customer client device
100 to display an ordering interface to each customer and
receives order data from each customer client device 100
describing the order. Order data for an order is information
or data that describes the order. For example, order data may
include product data for products that are included in the
order, a delivery location for the order, a customer associated
with the order, a retailer from which the customer wants the
ordered products collected, or a timeframe within which the
customer wants the order delivered. Order data may further
include information describing how the order was serviced,
such as which picker serviced the order, when the order was
delivered, or a rating that the customer gave the delivery of
the order. The order management module 220 also facilitates
any transaction associated with each order. For example, the
order management module 220 may charge a payment
instrument associated with a customer that placed an order.
The order management module 220 may transmit payment
information to a retailer computing system 120 to facilitate
payment to the retailer computing system 120 for the order.

In some embodiments, the order management module 220
receives a query comprising one or more terms from the
customer client device 100 and transmits product data
describing products that satisfy the query. In some embodi-
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ments, the order management module 220 uses product
embeddings for products to identify products based on a
received query. For example, the order management module
220 may generate an embedding for a query and determines
measures of similarity between the embedding for the query
and product embeddings for various products included in the
inventory management module 210. The order management
module 220 provides the product data describing the iden-
tified products to the customer client device 100 for presen-
tation to the customer. In some embodiments, the order
management module 220 also shares order details with the
retailer computing systems 120. For example, after success-
ful fulfillment of an order, the order management module
220 may transmit order data for the order to the appropriate
retailer computing systems 120.

The picker management module 230 assigns pickers to
orders. The picker management module 230 receives a new
order from the order management module 220 and identifies
a picker to fulfill the order based on picker data describing
characteristics of pickers. The picker data for a picker may
include the picker’s location, the picker’s proximity to the
retailer or the delivery location, how often the picker has
serviced orders from that particular retailer, the picker’s
name, the picker’s gender, a customer rating for the picker,
or the picker’s previous shopping history. The picker man-
agement module 230 may transmit instructions to a picker
client device 110 for the picker on how the picker can travel
from the picker’s current location to the location of a retailer
at which the order is to be fulfilled. The picker management
module 230 monitors the status of the picker and determines
when the picker has arrived at the retailer. The picker
management module 230 also receives information from the
picker client device 110 indicating when the picker has
collected a product for an order. If the picker is fulfilling
more than one order at the same time, the information may
also include an indication of which order the collected
product is for. The picker management module 230 may
receive an indication from the picker client device 110 when
the picker has collected all of the products for an order and
may notify the customer through the customer client device
100. Additionally, the picker management module 230 may
provide directions to the picker through the picker client
device 110 from the retailer to the delivery location for each
order that the picker has been assigned. The picker man-
agement module 230 may continue to monitor the status and
location of the picker and provide information on the status
of the picker to the customer as the picker travels to the
delivery location.

In some embodiments, the picker management module
230 facilitates communication between the customer client
device 100 and the picker client device 110. A customer may
use a customer client device 100 to send a message to the
picker client device 110. The picker management module
230 receives the message from the customer client device
100 and transmits the message to the picker client device 110
for presentation to the picker. The picker may use the picker
client device 110 to send a message to the customer client
device 100 in a similar manner.

The data store 240 stores data used by the online con-
cierge system 140. For example, the data store 240 stores
customer data, product data, order data, and picker data for
use by the online concierge system 140. The data store 240
receives data from other modules in the online concierge
system 140 or from the customer client device 100, the
picker client device 110, or the retailer computing systems
120.
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FIG. 3 is a block diagram of the inventory management
module of the online concierge system of FIG. 2, in accor-
dance with one or more illustrative embodiments. The block
diagram of the inventory management module 210 illus-
trated in FIG. 3 includes an inventory data receiving module
300, a product grouping module 310, a semantic similarity
determination module 320, a lexical similarity determination
module 330, an attribute matching module 340, a temporal
locality module 350, a product outlier determination module
360, and a data store 370. Alternative embodiments may
include more, fewer, or different components from those
illustrated in FIG. 3, and the functionality of each compo-
nent may be divided between the components differently
from the description below. Additionally, each component
may perform their respective functionalities in response to a
request from a human, or automatically without human
intervention.

The inventory data receiving module 300 is configured to
receive product data (e.g., in the form of a plurality of
product data entries) from the plurality of retailer computing
systems 120. For example, the inventory data receiving
module 300 may regularly receive (e.g., every night) prod-
uct inventory data from each retailer computing system 120
indicating updated product prices, sales, or availabilities.
The product data may be received in the form of an
inventory file including a plurality of product data entries
from each of the plurality of retailer computing systems 120
(e.g., from each store or warehouse of a retail chain), each
product data entry comprising a product identifier uniquely
identifying a corresponding physical product and descriptive
data of the corresponding physical product. The product
identifier may be a unique code (e.g., RRC, UPC) used by
retailers as a unique identifier to identify each product. The
descriptive data may include a product title (e.g., product
name) and one or more product attributes of the correspond-
ing physical product. That is, each product data entry in the
inventory file (e.g., row of data in a database) may be
associated with some text (e.g., product title) and possibly a
few explicit attributes (e.g., brand, size, etc.). The associated
attributes can be arbitrary and not every product entry may
include all attributes or the same number of attributes. The
product data entry including the product identifier and
corresponding descriptive data is explained in further detail
below in connection with FIG. 4.

The product grouping module 310 is configured to group
the product data (e.g., corresponding to multiple inventory
files) received by the inventory data receiving module 300
into a plurality of groups based on the product identifier.
That is, the product grouping module 310 determines a
subset of the plurality of product data entries, that are
received in the plurality of inventory files from the plurality
of retailer computing systems 120, and that have a same
product identifier. For example, the inventory data receiving
module 300 may store the plurality of product data entries
received in the plurality of inventory files in one or more
product inventory databases in data store 370 and product
grouping module 310 may access the databases to determine
data entries that have the same product identifier (e.g., same
RRC code).

A same product identifier is supposed to be associated
with the same entity (i.e., same physical product). Hence,
grouping the product data based on the same product iden-
tifier can allow the inventory management module 210 to
find errors in the product-identifier-to-physical-product
association. For example, a particular inventory file received
from a particular store may associate the wrong RRC code
for a given physical product due to a data entry error, while
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multiple other inventory files received from multiple other
stores may associate a different (correct) RRC code for the
given physical product. In this case, by grouping the product
data entries based on the RRC code, the outlier data entry
having the wrong RRC code can be identified, and appro-
priate action can be taken (e.g., notify the store, notify
another user, autocorrect the RRC code for the outlier, and
the like) automatically by the inventory management mod-
ule 210. The data entry error can range from two completely
different products being associated with the same product
identifier (e.g., Pepsi vs Canned beans) to products with only
different attribute(s) being associated with the same product
identifier (e.g., 6-pack of a particular brand and type of beer
vs. 12-pack of the same).

In order to identify the outlier in a subset of product data
entries, the inventory management module 210 may calcu-
late a plurality of similarity metrics or scores. The metrics
may include a semantic similarity metric calculated by the
semantic similarity determination module 320, a lexical
similarity metric computed by the lexical similarity deter-
mination module 330, a product attribute similarity metric
computed by the attribute matching module 340, and a
temporal localization score computed by the temporal local-
ity module 350.

The semantic similarity determination module 320 is
configured to perform a pairwise comparison of an embed-
ding vector representative of a product data entry in the
subset with each of respective embedding vectors represen-
tative of other product data entries in the subset other than
the product data entry. Based on the pairwise comparisons,
the semantic similarity determination module 320 may com-
pute respective vector similarity metrics between the embed-
ding vector representative of the product data entry and each
of the respective embedding vectors representative of the
other product data entries. And based on the computed
respective vector similarity metrics, the semantic similarity
determination module 320 may determine a pooled semantic
similarity metric for the product data entry (e.g., normalized
value between 0 and 1 with a threshold indicating a cut-off
for detecting the product data entry as an outlier in the subset
or group).

To compute semantic similarity between two product data
entries, the semantic similarity determination module 320
may utilize transformer-based machine learning techniques
for natural language processing (NLP) such as bidirectional
encoder representations from transformers (BERT). Pre-
trained language models such as BERT can be utilized to get
embeddings from the descriptive data of the corresponding
physical product in the product data entry and the embed-
ding vector (e.g., latent space embedding vector) associated
with the product data entry is compared with the embedding
vector associated with another product data entry of the
group to compute the vector similarity metric. In some
embodiments, the language model may be configured to
obtain a set of embedding vectors (multi-view embeddings)
representative of the descriptive data of the product data
entry, and the semantic similarity determination module 320
may compare the set of embedding vectors associated with
the product data entry with the set of embedding vectors
associated with another product data entry of the group to
compute the vector similarity metric between the two data
entries of the group. Different statistical methods can be
used to find the similarity between two embedding vectors.
In some embodiments, the similarity between two embed-
ding vectors can be found using cosine similarity or dot
products. Other embodiments may employ other statistical
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techniques to compute the similarity metrics based on the
language model being used to get the embeddings from the
descriptive data.

In some embodiments, for each data entry, the descriptive
data based on which the one or more embedding vectors are
obtained may correspond to a product sentence. The product
sentence may be a concatenation of the product title (e.g.,
product name) and other provided information (e.g., one or
more attributes) included in the data entry other than the
product identifier. In some embodiments, the language
model being used to get the embeddings from the descriptive
data may be a multilingual language model. In this case, the
embedding vectors will account for a situation where the
descriptive data of two product data entries of the same
group is in different languages but is otherwise the same.
Thus, for example, the semantic similarity determination
module 320 will compute the vector similarity metric indi-
cating a high similarity score between a first product sen-
tence “luxe lipstick” of a first data entry of a group and a
second product sentence “rouge lvres de luxe” of a second
data entry of the same group, since the first and second
product sentences are in different languages (English and
French) but otherwise have the same meaning. The model
used by the semantic similarity determination module 320
may similarly be able to handle descriptive data describing
products in different metric systems (e.g., milliliters vs.
ounces) and assign high similarity scores if the difference is
merely in the metric system used in describing the product.
As another example, the model may also be able to handle
abbreviations (e.g., assigning high similarity score when
comparing two products described respectively as “wheat
thin sundried tomato basil” and “wht thn sndrd tm bsl”).

In some embodiments, the semantic similarity determi-
nation module 320 may further utilize a product-attribute
prediction model to obtain a dense embedding vector rep-
resentative of the product data entry. The dense embedding
vector may represent probabilities of the physical product
corresponding to the product data entry belonging to each of
a plurality of predetermined product categories. The seman-
tic similarity determination module 320 may then further
compare the dense embedding vector associated with the
product data entry with the dense embedding vector asso-
ciated with another product data entry of the group to
compute the vector similarity metric between the two data
entries of the group. For example, a model may predict
product categories using each the concatenated product
sentence for the respective product data entries. In a case
where there are ‘k” product categories, and the model may
predict the probability of the input data entry’s correspond-
ing physical product as belonging to each of the ‘k’ catego-
ries. The semantic similarity determination module 320 may
then concatenate these ‘k’ probabilities as a dense embed-
ding vector and use that to compare the semantic similarities
of two products.

The lexical similarity determination module 330 is con-
figured to perform a pairwise comparison of a character
string representative of the product data entry (e.g., repre-
sentative of the descriptive data of the product data entry) in
the subset with each of respective character strings repre-
sentative of the other product data entries in the subset.
Based on each pairwise comparison, the lexical similarity
determination module 330 may determine a custom edit
distance representing a number of deletion and substitution
operations required to transform the character string repre-
sentative of one product data entry of the subset into the
character string representative of another other product data
entry in the subset. And based on the determined respective
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custom edit distances, the lexical similarity determination
module 330 may determine a pooled lexical similarity
metric for the one product data entry (e.g., normalized value
between 0 and 1 with a threshold indicating a cut-off for
detecting the product data entry as an outlier in the subset or
group).

To compute the lexical similarity (or distance), the lexical
similarity determination module 330 may use edit-distance
between descriptive data (e.g., product titles or product
names) of a pair of product data entries. The edit distance is
a way of quantifying how dissimilar two character strings
(e.g., words) are to one another by counting the minimum
number of operations required to transform one string into
the other. Different definitions of an edit distance use dif-
ferent sets of string operations. For example, Levenshtein
distance operations are the deletion, insertion, or substitution
of a character in the string. Being the most common metric,
the term Levenshtein distance is often used interchangeably
with edit distance. For example, as illustrated below, there
are 5 operations required to transform a character string
‘intention’ to ‘execution’, so the Levenshtein distance equals
5.

INTE*NTION

*EXECUTION

In the above transformation, the 5 operations are: (1)
deletion operation for deleting “I”, (2) substitution operation
for substituting “N” with “E”, (3) substitution operation for
substituting “T”” with “X”, (4) insertion operation for insert-
ing “C”, and (5) substitution operation for substituting “N”
with “U.”

However, the Levenshtein distance is not suitable because
the descriptive data according to the present disclosure can
be of variable length due to the presence/absence of the
attributes, and the order can be arbitrary as well. For
example, the Levenshtein distance between “pepsi cola 36
pk 12 oz” and “pepsi cola” is more than the edit distance
between “pepsi” and “coke” (it should be less). As another
example, the Levenshtein distance between “pepsi cola 36
pk 12 07” and “36 pk 12 oz pepsi cola” is more than the edit
distance between “pepsi” and “coke”.

To overcome the above problem, the lexical similarity
determination module 330 according to the present disclo-
sure implements a custom definition of edit distance which
requires that given a pair of strings s1 and s2, with length of
s1<=s2, the custom edit distance should consider the dele-
tion operations and substitution operations it takes to convert
sl to s2, and disregard insertion operations. Further, the
lexical similarity determination module 330 according to the
present disclosure defines the custom edit distance between
s1 and s2 such that the distance metric is invariant to the
ordering of the words in the string. That is, the custom edit
distance is the minimum distance between the two strings s1
and s2 out of all the permutations of the words in the two
strings. For example, to compute the custom edit distance
between “pepsi cola 36” and “coca cola”, the lexical simi-
larity determination module 330 takes the minimum
between the distances of (“pepsi cola 367, “coca cola”),
(“pepsi 36 cola”, “coca cola”), (“cola 36 pepsi”, “coca
cola™), (“cola pepsi 36”, “coca cola”), (“36 pepsi cola”,
“coca cola”), (“36 cola pepsi”, “coca cola”), (“pepsi cola
367, “cola coca™), (“pepsi 36 cola”, “cola coca”), (“cola 36
pepsi”, “cola coca”), (“cola pepsi 367, “cola coca™), (“36
pepsi cola”, “cola coca™), (“36 cola pepsi”, “cola coca™).

In some embodiments, for computational simplicity, the
lexical similarity determination module 330 may sort the
words (e.g., in an alphabetical order) in the two character
strings being compared prior to performing the pairwise
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comparison operation. In some embodiments, the lexical
similarity determination module 330 may limit the custom
edit distance to be calculated between the frequent words
(e.g., frequency is decided through a threshold) of the
product names. This may ensure that random words in the
product names do not impact the calculated custom edit
distance. For example, the custom edit distance between
“pepsi cola” and “pepsi cola 12463565 would be 0 with this
constraint. Further, to normalize the custom edit distance
(e.g., to lie between 0-1) between two character strings of
two product data entries of the same group, the lexical
similarity determination module 330 may divide the com-
puted edit distance by the length of the smaller string (e.g.,
smaller out of s1 and s2).

For each of the product data entries in the subset, the
attribute matching module 340 is configured to predict one
or more product attributes based on the corresponding
descriptive data. The attribute matching module 340 may
further be configured to pairwise compare the predicted one
or more product attributes of the product data entry in the
subset with each of respective predicted one or more product
attributes of the other product data entries in the subset.
Based on the pairwise comparisons, the attribute matching
module 340 may compute respective product attribute simi-
larity metrics between the predicted one or more product
attributes of the product data entry with each of the respec-
tive predicted one or more product attributes of the other
product data entries. And based on the based on the com-
puted respective product attribute similarity metrics, the
attribute matching module 340 may determine a pooled
product attribute similarity metric for the product data entry
(e.g., normalized value between 0 and 1 with a threshold
indicating a cut-off for detecting the product data entry as an
outlier in the subset or group).

For example, the attribute prediction models discussed
above in connection with the dense embedding vector
obtained for the semantic similarity computation, may be
utilized by the attribute matching module 340 to determine
the product embeddings for the corresponding physical
product of the product data entry. And the attribute matching
module 340 may directly compare the one or more product
attributes predicted by the attribute prediction models for
two product data entries in the subset. To perform the
predictions, the attribute matching module 340 may provide
as input to the attribute prediction models, the descriptive
data included in the product data entry. Further, the attribute
matching module 340 may obtain and provide other data
(e.g., image data not provided by the retailer computing
devices 120) as input to the models, based on which the
attribute predictions are made. For example, a brand detec-
tion model may be used to predict the brand of the product.
If the attribute matching module 340 determines that the
predicted brands of the two products match, then it is a
positive signal. The same process may be performed for
other attributes as well, such as size, flavor, dietary attri-
butes, etc.

The temporal locality module 350 is configured to com-
pute a temporal localization score of the product data entry
in the subset. The temporal localization score may be
determined based on a comparison of an update timestamp
associated with the product data entry with respective update
timestamps associated with the other product data entries in
the subset. Like the other metrics computed by modules 320,
330, and 340, the temporal localization score determined by
the temporal locality module 350 may be a normalized value
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between 0 and 1 with a threshold indicating a cut-off for
detecting the product data entry as an outlier in the subset or
group.

In determining an outlier based on the temporal localiza-
tion score, it is expected that the potential outlier data entry
sent by a retailer is localized with respect to time. That is, it
is not sent regularly (since the error may be noticed by the
retailer and corrected in subsequent transmissions of inven-
tory files). Thus, the temporal locality module 350 may be
employed to add an additional constraint based on the time
that has elapsed since the data entry in question was received
by the inventory data receiving module 300 (e.g., older
timestamp indicating a higher likelihood of the entry being
an outlier). Such filtering may particularly help in increasing
the precision of the output. For example, if the two product
data entries mapped to the same RRC differ in just the
language (e.g., English vs French) it is expected that the
retailer would continuously or regularly send the data for the
product names in both languages. However, if a given entry
was sent only once some time ago, and other entries in the
group have more recent time stamps, it may indicate that the
error associated with the given entry was subsequently
corrected.

The product outlier determination module 360 may be
configured for determining whether a current product data
entry is an outlier in the subset based on one or more of the
metrics computed by the semantic similarity determination
module 320, the lexical similarity determination module
330, the attribute matching module 340, and the temporal
locality module 350. In some embodiments, metric compu-
tation by the semantic similarity determination module 320,
the lexical similarity determination module 330, the attribute
matching module 340, and the temporal locality module 350
may be performed in a predetermined order. In other
embodiments, it may be performed in parallel. In yet other
embodiments, metric computation by one or more of the
semantic similarity determination module 320, the lexical
similarity determination module 330, the attribute matching
module 340, and the temporal locality module 350 may be
performed based on the metric computation by another one
or more of the semantic similarity determination module
320, the lexical similarity determination module 330, the
attribute matching module 340, and the temporal locality
module 350. For example, first, the inventory management
module 210 may compute the pooled lexical similarity
metric for a data entry in a group based on the lexical
similarity determination module 320, and if it is determined
that the data entry is an outlier, additional similarity metrics
(e.g., the pooled semantic similarity metric) may be com-
puted to verify the outlier determination based on the pooled
lexical similarity metric. For example, the additional simi-
larity metrics may not be computed if the data entry is
determined not to be an outlier based on the pooled lexical
similarity metric.

Based on the determination, the product outlier determi-
nation module 360 may further be configured to take one or
more actions. For example, the product outlier determination
module 360 may be configured to transmit a notification to
a client device of a user in response to determining that the
product data entry is the outlier. As another example, the
product outlier determination module 360 may be config-
ured to determine what the correct product identifier should
be for the outlier data entry (e.g., determine based on the
other data entries of the same subset or group, based on
running a search on the descriptive data associated with the
current product data entry, based on a user input or confir-
mation, and the like), and automatically updating the prod-
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uct identifier based on the correct product identifier based on
the determination. In this case, the product outlier determi-
nation module 360 may further be configured to notify the
retailer (e.g., the retailer computing device 120 correspond-
ing to the current product data entry) of the correction to the
product identifier and requesting the retailer to update the
product-identifier-to-physical-product association for the
current product data entry thus ensuring accuracy of the data
entry for further processing.

As yet another example, in response to determining that
the product data entry is the outlier, the product outlier
determination module 360 may be configured to send one or
more commands directing the client device to display the
notification, where the commands cause the client device to
display the notification on a display device. Additionally (or
in the alternative), in response to determining that the
product data entry is the outlier, the product outlier deter-
mination module 360 may be configured to modify the
product identifier in a stored database and send updated data
back to the retailer computing device 120 corresponding to
the current product data entry. For example, the product
outlier determination module 360 may be configured to
trigger a workflow for a user to update the product infor-
mation of the affected product data entry. Based on deter-
mining that the product data entry is the outlier, the inven-
tory management module 210 may perform one or more
additional actions like triggering a request for user input,
causing a different product to be added to a shopping cart,
causing a product to be removed from the shopping cart,
causing a different product to be ordered, updating an
interface based on an action, causing a product correspond-
ing to the outlier to be ordered, and the like.

The data store 370 stores data used by the inventory
management module 210. For example, the data store 370
stores the inventory data received by the inventory data
receiving module 300, the data corresponding to the data
entries divided into groups by the product grouping module
310, the computed metric data and corresponding models
and logic used for the computations by the semantic simi-
larity determination module 320, the lexical similarity deter-
mination module 330, the attribute matching module 340,
and the temporal locality module 350, and the threshold data
and data for implementing the logic and features of the
product outlier determination module 360. The data store
370 receives data from and transmits data to other modules
in the inventory management module 210, the online con-
cierge system 140 or from the customer client device 100,
the picker client device 110, or the retailer computing
systems 120.

FIG. 4 illustrates sample data entries having a same
product identifier, in accordance with one or more illustra-
tive embodiments. As shown in FIG. 4, product data 400
may include a plurality of product data entries 450 (450a,
45056, 450¢), each data entry including a product identifier
(e.g., RRC 405) and descriptive data (e.g., product title 410,
and product attributes 415 (e.g., brand 415q, size 4155,
quantity 415#)). In the example shown in FIG. 4, the product
identifier is illustrated to be an RRC code. In other embodi-
ments, the product identifier may be some other type of
identifier that is used to uniquely identify different products
(e.g., UPC code). Further, in the example shown in FIG. 4,
the product grouping module 310 has identified product data
entries 450 that belong to the same group based on matching
RRC 405 (i.e., XYZ123456). While only three data entries
are shown in FIG. 4, each group or subset may include a
large number of data entries 450. Since data entries 450 have
the same product identifier 405, the descriptive data (410,
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415) corresponding to the data entries 450 should have a
high degree of similarity (i.e., the entries are supposed to be
about the same entity, e.g., the entity can be a 36 pack of 12
0z Pepsi cans). And using the techniques disclosed above in
connection with FIG. 3, product outlier determination mod-
ule 360 can determine whether one of data entries 450a,
4505, and 450c is an outlier data entry.

By using the techniques described above in connection
with the modules 320-350, the product outlier determination
module 360 may determine that the data entries 450a and
4505 have a high similarity (e.g., the language model may
assign similar embedding vectors (or similar dense embed-
ding vectors) to “pepsi 12 0z” and “pepsi 355 ml”), and
further determine that the data entries 450a and 450c¢ (and
45056 and 450¢) have a low similarity. Thus, in this case, the
module 360 may determine that the data entry 450¢ is an
outlier, and may perform one or more based on the deter-
mination.

FIG. 5 illustrates a process 500 for determining whether
a particular product data entry is an outlier from among a
plurality of data entries belonging to the same group, in
accordance with one or more illustrative embodiments.
Alternative embodiments may include more, fewer, or dif-
ferent steps from those illustrated in FIG. 5, and the steps
may be performed in a different order from that illustrated in
FIG. 5. These steps may be performed by an inventory
management module (e.g., the inventory management mod-
ule 210). Additionally, each of these steps may be performed
automatically by the module without human intervention.

The inventory data receiving module 300 may receive 505
product data (e.g., data similar to that shown in FIG. 4 but
for a plurality of different RRCs 405) from a plurality of
retailers (e.g., multiple stores or warehouses of a retail
chain). The product grouping module 310 may group the
product data received at block 505 into a plurality of groups
(e.g., 510a, . . . , 510n) based on the product identifier
included in each product data entry, each group including a
plurality of data entries (e.g., 515a, 5154, . . . , 5151), and
each data entry (e.g., 515a, 5154, . . . 515#) including
corresponding descriptive data 520 (e.g., 520a, 5206)
describing the corresponding physical product. As shown in
FIG. 5, for each group 510 that includes a plurality of
product data entries 515, the semantic similarity determina-
tion module 320 performs the above described pairwise
comparison operation (e.g., compare P1 with P2, . . .,
compare P1 with Pk) to compute respective embedding
similarities 525 (e.g., 525q) using one or more embedding
models 526. Further, the lexical similarity determination
module 330 performs the above described pairwise com-
parison operation (e.g., compare P1 with P2, . . ., compare
P1 with Pk) to compute respective custom edit distances 530
(e.g., 530q). Still further, the attribute matching module 340
performs the above described pairwise comparison opera-
tion (e.g., compare P1 with P2, . . . , compare P1 with Pk)
to compute respective explicit attribute similarities 535 (e.g.,
535a) using one or more attribute extraction models 536.

Based on the respective computed embedding similarities
525 (e.g., 525a), the semantic similarity determination mod-
ule 320 may further compute a pooled embedding similarity
for the data entry 515A (product P1) with all other products
of the group 510a. Further, based on the respective com-
puted custom edit distances 530 (e.g., 530a), the lexical
similarity determination module 330 may further compute a
pooled custom edit distance or lexical similarity for the data
entry 515A (product P1) with all other products of the group
510a. And still further, based on the respective computed
explicit attribute similarities 535 (e.g., 535a), the attribute
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matching module 340 may further compute a pooled attri-
bute matching for the data entry 5S15A (product P1) with all
other products of the group 510qa. Still further, temporal
locality module 350 may compute the temporal localization
score 540 for data entry 515a. Each pooling operation may
involve obtaining the minimum or average of the corre-
sponding computed metrics to come up with a global
similarity score for the data entry 515a with all other data
entries of the group 510a.

Product outlier determination module 360 may then deter-
mine 545 whether the data entry 5154 is an outlier in the
group 510a based on the computed temporal localization
score 540 for the data entry 5154, the computed pooled edit
distance 530 for the data entry 5154, the computed pooled
embedding similarity 525 for the data entry 5154, and the
computed pooled attribute matching 535 for the data entry
515a. For example, the product outlier determination mod-
ule 360 may set (e.g., based on heuristics) one or more
thresholds for one or more of the computed and pooled
metrics or scores and further set corresponding logic to
make the determination 545 regarding what constitutes as an
outlier.

FIG. 6 is a flowchart of a method 600 for determining
whether a particular product data entry is an outlier from
among a plurality of data entries belong to the same group,
in accordance with one or more illustrative embodiments.
Alternative embodiments may include more, fewer, or dif-
ferent steps from those illustrated in FIG. 6, and the steps
may be performed in a different order from that illustrated in
FIG. 6. These steps may be performed by an inventory
management module (e.g., the inventory management mod-
ule 210). Additionally, each of these steps may be performed
automatically by the module without human intervention.

A server (e.g., online concierge system 140, inventory
data receiving module 300) may receive 610 a plurality of
product data entries (e.g., from a plurality of retailer com-
puting systems (e.g., retailer computing systems 120), each
product data entry comprising a product identifier (e.g.,
RRC 405) uniquely identifying a corresponding physical
product and descriptive data (e.g., product title 410, product
attributes 415) of the corresponding physical product.

The product grouping module 310 may determine 620 a
subset (e.g., 510a) of the plurality of product data entries
having a same product identifier. The semantic similarity
determination module 320 may pairwise compare 630 an
embedding vector representative of a product data entry
(e.g., 515a) in the subset (e.g., 510a) with each of respective
embedding vectors representative of other product data
entries (e.g., 5155, . . ., 515n) in the subset other than the
product data entry to compute respective vector similarity
metrics (e.g., 525a) between the embedding vector repre-
sentative of the product data entry and each of the respective
embedding vectors representative of the other product data
entries.

The semantic similarity determination module 320 may
determine 640 a pooled semantic similarity metric (e.g.,
525) for the product data entry based on the computed
respective vector similarity metrics. The product outlier
determination module 360 may determine 650 whether the
product data entry (e.g., 5154a) is an outlier in the subset
(e.g., 510a) based on the pooled semantic similarity metric
(e.g., 525). And the product outlier determination module
360 may transmit 660 a notification to a client device (e.g.,
retailer computing system 120a) of a user in response to
determining that the product data entry is the outlier.

FIG. 7 is a flowchart of a method 700 for determining
whether a particular product data entry is an outlier from



US 11,978,104 B2

17

among a plurality of data entries belong to the same group,
in accordance with one or more illustrative embodiments.
Alternative embodiments may include more, fewer, or dif-
ferent steps from those illustrated in FIG. 7, and the steps
may be performed in a different order from that illustrated in
FIG. 7. These steps may be performed by an inventory
management module (e.g., the inventory management mod-
ule 210). Additionally, each of these steps may be performed
automatically by the module without human intervention. In
method 700, steps that are the same as those in method 600
of FIG. 6 are identified by the same reference numerals, and
detailed description of these steps is omitted here.

The lexical similarity determination module 330 may
pairwise compare 730 a character string representative of the
product data entry (e.g., 5154a) in the subset (e.g., 510a) and
each of respective character strings representative of other
product data entries (e.g., 515b, . . ., 515») in the subset
other than the product data entry to determine respective
custom edit distances (e.g., 530a), each custom edit distance
representing a number of deletion and substitution opera-
tions required to transform the character string representa-
tive of the product data entry into each of the respective
character strings representative of the other product data
entries.

The lexical similarity determination module 330 may
determine 740 a pooled lexical similarity metric (e.g., 530)
for the product data entry based on the determined respec-
tive custom edit distances. The product outlier determination
module 360 may determine 750 whether the product data
entry (e.g., 515q) is an outlier in the subset (e.g., 510a) based
on the pooled lexical similarity metric (e.g., 530).

ADDITIONAL CONSIDERATIONS

The foregoing description of the embodiments has been
presented for the purpose of illustration; many modifications
and variations are possible while remaining within the
principles and teachings of the above description.

Any of the steps, operations, or processes described
herein may be performed or implemented with one or more
hardware or software modules, alone or in combination with
other devices. In some embodiments, a software module is
implemented with a computer program product comprising
one or more computer-readable media storing computer
program code or instructions, which can be executed by a
computer processor for performing any or all of the steps,
operations, or processes described. In some embodiments, a
computer-readable medium comprises one or more com-
puter-readable media that, individually or together, comprise
instructions that, when executed by one or more processors,
cause the one or more processors to perform, individually or
together, the steps of the instructions stored on the one or
more computer-readable media. Similarly, a processor com-
prises one or more processors or processing units that,
individually or together, perform the steps of instructions
stored on a computer-readable medium.

Embodiments may also relate to a product that is pro-
duced by a computing process described herein. Such a
product may store information resulting from a computing
process, where the information is stored on a non-transitory,
tangible computer-readable medium and may include any
embodiment of a computer program product or other data
combination described herein.

The description herein may describe processes and sys-
tems that use machine-learning models in the performance
of their described functionalities. A “machine-learning
model,” as used herein, comprises one or more machine-
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learning models that perform the described functionality.
Machine-learning models may be stored on one or more
computer-readable media with a set of weights. These
weights are parameters used by the machine-learning model
to transform input data received by the model into output
data. The weights may be generated through a training
process, whereby the machine-learning model is trained
based on a set of training examples and labels associated
with the training examples. The training process may
include: applying the machine-learning model to a training
example, comparing an output of the machine-learning
model to the label associated with the training example, and
updating weights associated for the machine-learning model
through a back-propagation process. The weights may be
stored on one or more computer-readable media, and are
used by a system when applying the machine-learning
model to new data.

The language used in the specification has been princi-
pally selected for readability and instructional purposes, and
it may not have been selected to narrow the inventive subject
matter. It is therefore intended that the scope of the patent
rights be limited not by this detailed description, but rather
by any claims that issue on an application based hereon.

As used herein, the terms “comprises,” “comprising,”
“includes,” “including,” “has,” “having,” or any other varia-
tion thereof, are intended to cover a non-exclusive inclusion.
For example, a process, method, article, or apparatus that
comprises a list of elements is not necessarily limited to only
those elements but may include other elements not expressly
listed or inherent to such process, method, article, or appa-
ratus. Further, unless expressly stated to the contrary, “or”
refers to an inclusive “or” and not to an exclusive “or”. For
example, a condition “A or B” is satisfied by any one of the
following: A is true (or present) and B is false (or not
present), A is false (or not present) and B is true (or present),
and both A and B are true (or present). Similarly, a condition
“A, B, or C” is satisfied by any combination of A, B, and C
having at least one element in the combination that is true (or
present). As a not-limiting example, the condition “A, B, or
C” is satisfied by A and B are true (or present) and C is false
(or not present). Similarly, as another not-limiting example,
the condition “A, B, or C” is satisfied by A is true (or
present) and B and C are false (or not present).

What is claimed is:

1. A computer-implemented method comprising:

receiving, at a server, a plurality of product data entries
from a plurality of retailer computing systems, each
product data entry comprising a product identifier
uniquely identifying a corresponding physical product
and descriptive data of the corresponding physical
product;

determining a subset of the plurality of product data
entries having a same product identifier;

pairwise comparing an embedding vector representative
of a product data entry in the subset with each of
respective embedding vectors representative of other
product data entries in the subset other than the product
data entry to compute respective vector similarity met-
rics between the embedding vector representative of the
product data entry and each of the respective embed-
ding vectors representative of the other product data
entries;

determining a pooled semantic similarity metric for the
product data entry based on the computed respective
vector similarity metrics;
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determining whether the product data entry is an outlier in
the subset based on the pooled semantic similarity
metric; and

transmitting a notification to a client device of a user in

response to determining that the product data entry is
the outlier.

2. The computer-implemented method of claim 1,
wherein the descriptive data includes a product title and one
or more product attributes of the corresponding physical
product, and wherein each embedding vector is a set of
embedding vectors representative of the product title and the
one or more product attributes.

3. The computer-implemented method of claim 2, further
comprising obtaining a dense embedding vector represen-
tative of the product data entry, the dense embedding vector
representing probabilities of the physical product corre-
sponding to the product data entry belonging to each of a
plurality of predetermined product categories.

4. The computer-implemented method of claim 3,
wherein the dense embedding vector is included in the set of
embedding vectors, and wherein the computed respective
vector similarity metrics are based on the set of embedding
vectors representative of the product data entry and respec-
tive sets of embedding vectors representative of the other
product data entries.

5. The computer-implemented method of claim 1, further
comprising:

pairwise comparing a character string representative of

the product data entry in the subset with each of
respective character strings representative of the other
product data entries in the subset to determine respec-
tive custom edit distances, each determined custom edit
distance representing a number of deletion and substi-
tution operations required to transform the character
string representative of the product data entry into each
of the respective character strings representative of the
other product data entries; and

determining a pooled lexical similarity metric for the

product data entry based on the determined respective
custom edit distances,

wherein the product data entry is determined to be the

outlier in the subset further based on the pooled lexical
similarity metric.

6. The computer-implemented method of claim 5, further
comprising sorting words in the character string and in each
of the respective character strings prior to the pairwise
comparison.

7. The computer-implemented method of claim 1, further
comprising:

for each of the product data entries in the subset, predict-

ing one or more product attributes based on the corre-
sponding descriptive data;
pairwise comparing the predicted one or more product
attributes of the product data entry in the subset with
each of respective predicted one or more product
attributes of the other product data entries in the subset
to compute respective product attribute similarity met-
rics between the predicted one or more product attri-
butes of the product data entry with each of the respec-
tive predicted one or more product attributes of the
other product data entries; and
determining a pooled product attribute similarity metric
for the product data entry based on the computed
respective product attribute similarity metrics,

wherein the product data entry is determined to be the
outlier in the subset further based on the pooled product
attribute similarity metric.
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8. The computer-implemented method of claim 7,
wherein for each of the product data entries in the subset, the
one or more product attributes are predicted based on the
corresponding descriptive data, and further based on image
data that is not included in the product data entry.

9. The computer-implemented method of claim 1, further
comprising computing a temporal localization score of the
product data entry in the subset, the temporal localization
score being determined based on a comparison of an update
timestamp associated with the product data entry with
respective update timestamps associated with the other
product data entries in the subset,

wherein the product data entry is determined to be the

outlier in the subset further based on the temporal
localization score.

10. The computer-implemented method of claim 1, fur-
ther comprising, in response to determining that the product
data entry is the outlier, triggering a workflow for a user to
update the product data entry.

11. A computer-implemented method comprising:

receiving, at a server, a plurality of product data entries

from a plurality of retailer computing systems, each
product data entry comprising a product identifier
uniquely identifying a corresponding physical product
and descriptive data of the corresponding physical
product;

determining a subset of the plurality of product data

entries having a same product identifier;
pairwise comparing a character string representative of
the product data entry in the subset and each of respec-
tive character strings representative of other product
data entries in the subset other than the product data
entry to determine respective custom edit distances,
each custom edit distance representing a number of
deletion and substitution operations required to trans-
form the character string representative of the product
data entry into each of the respective character strings
representative of the other product data entries;

determining a pooled lexical similarity metric for the
product data entry based on the determined respective
custom edit distances;

determining whether the product data entry is an outlier in

the subset based on the pooled lexical similarity metric;
and

transmitting a notification to a client device of a user in

response to determining that the product data entry is
the outlier.
12. A non-transitory computer-readable storage medium
comprising instructions that, when executed by a processor,
cause the processor to:
receive, at a server, a plurality of product data entries from
a plurality of retailer computing systems, each product
data entry comprising a product identifier uniquely
identifying a corresponding physical product and
descriptive data of the corresponding physical product;

determine a subset of the plurality of product data entries
having a same product identifier;

pairwise compare an embedding vector representative of

a product data entry in the subset with each of respec-
tive embedding vectors representative of other product
data entries in the subset other than the product data
entry to compute respective vector similarity metrics
between the embedding vector representative of the
product data entry and each of the respective embed-
ding vectors representative of the other product data
entries;
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determine a pooled semantic similarity metric for the
product data entry based on the computed respective
vector similarity metrics;

determine whether the product data entry is an outlier in

the subset based on the pooled semantic similarity
metric; and

transmit a notification to a client device of a user in

response to determining that the product data entry is
the outlier.

13. The non-transitory computer readable storage medium
of claim 12, wherein the descriptive data includes a product
title and one or more product attributes of the corresponding
physical product, and wherein each embedding vector is a
set of embedding vectors representative of the product title
and the one or more product attributes.

14. The non-transitory computer readable storage medium
of claim 13, further comprising instructions that cause the
processor to obtain a dense embedding vector representative
of the product data entry, the dense embedding vector
representing probabilities of the physical product corre-
sponding to the product data entry belonging to each of a
plurality of predetermined product categories.

15. The non-transitory computer readable storage medium
of claim 14, wherein the dense embedding vector is included
in the set of embedding vectors, and wherein the computed
respective vector similarity metrics are based on the set of
embedding vectors representative of the product data entry
and respective sets of embedding vectors representative of
the other product data entries.

16. The non-transitory computer readable storage medium
of claim 12, further comprising instructions that cause the
processor to:

pairwise compare a character string representative of the

product data entry in the subset with each of respective
character strings representative of the other product
data entries in the subset to determine respective cus-
tom edit distances, each determined custom edit dis-
tance representing a number of deletion and substitu-
tion operations required to transform the character
string representative of the product data entry into each
of the respective character strings representative of the
other product data entries; and

determine a pooled lexical similarity metric for the prod-

uct data entry based on the determined respective
custom edit distances,

wherein the product data entry is determined to be the

outlier in the subset further based on the pooled lexical
similarity metric.

17. The non-transitory computer readable storage medium
of claim 16, further comprising instructions that cause the
processor to sort words in the character string and in each of
the respective character strings prior to the pairwise com-
parison.

18. The non-transitory computer readable storage medium
of claim 12, further comprising instructions that cause the
processor to:

for each of the product data entries in the subset, predict

one or more product attributes based on the correspond-
ing descriptive data;

pairwise compare the predicted one or more product

attributes of the product data entry in the subset with
each of respective predicted one or more product
attributes of the other product data entries in the subset
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to compute respective product attribute similarity met-
rics between the predicted one or more product attri-
butes of the product data entry with each of the respec-
tive predicted one or more product attributes of the
other product data entries; and

determine a pooled product attribute similarity metric for

the product data entry based on the computed respec-
tive product attribute similarity metrics,

wherein the product data entry is determined to be the

outlier in the subset further based on the pooled product
attribute similarity metric.

19. The non-transitory computer readable storage medium
of claim 18, wherein for each of the product data entries in
the subset, the one or more product attributes are predicted
based on the corresponding descriptive data, and further
based on image data that is not included in the product data
entry.

20. The non-transitory computer readable storage medium
of claim 12, further comprising instructions that cause the
processor to compute a temporal localization score of the
product data entry in the subset, the temporal localization
score being determined based on a comparison of an update
timestamp associated with the product data entry with
respective update timestamps associated with the other
product data entries in the subset,

wherein the product data entry is determined to be the

outlier in the subset further based on the temporal
localization score.
21. The non-transitory computer readable storage medium
of claim 12, further comprising instructions that cause the
processor to, in response to determining that the product data
entry is the outlier, trigger a workflow for a user to update
the product data entry.
22. A non-transitory computer-readable storage medium
comprising instructions that, when executed by a processor,
cause the processor to:
receive, at a server, a plurality of product data entries from
a plurality of retailer computing systems, each product
data entry comprising a product identifier uniquely
identifying a corresponding physical product and
descriptive data of the corresponding physical product;

determine a subset of the plurality of product data entries
having a same product identifier;

pairwise compare a character string representative of the

product data entry in the subset and each of respective
character strings representative of other product data
entries in the subset other than the product data entry to
determine respective custom edit distances, each cus-
tom edit distance representing a number of deletion and
substitution operations required to transform the char-
acter string representative of the product data entry into
each of the respective character strings representative
of the other product data entries;

determine a pooled lexical similarity metric for the prod-

uct data entry based on the determined respective
custom edit distances;

determine whether the product data entry is an outlier in

the subset based on the pooled lexical similarity metric;
and

transmit a notification to a client device of a user in

response to determining that the product data entry is
the outlier.



